The spatial organization of microbial communities arises from a complex interplay of biotic and 3 abiotic interactions and is a major determinant of ecosystem functions. We design a microfluidic 4 platform to investigate how the spatial arrangement of microbes impacts gene expression and 5 growth. We elucidate key biochemical parameters that dictate the mapping between spatial 6 positioning and gene expression patterns. We show that distance can establish a low-pass filter 7 to periodic inputs, and can enhance the fidelity of information processing. Positive and negative 8 feedback can play disparate roles in the synchronization and robustness of a genetic oscillator 9 distributed between two strains to spatial separation. Quantification of growth and metabolite 10 release in an amino-acid auxotroph community demonstrates that the interaction network and 11 stability of the community are highly sensitive to temporal perturbations and spatial arrangements.
to 250 µm yielded a ~75% decrease in the receiver's steady-state RFP expression levels. In sum, and saturated regimes of the dose response to AHL. In the linear regime, the RFPp steady-state 207 exhibits larger fold changes as a function of separation distance (greater distance-dependent 208 sensitivity) compared to the saturated regimes (lower distance-dependent sensitivity). These 209 results suggest that circuits could be programmed to realize different spatial patterns by modifying 210 ultrasensitivity 37,38 , the affinity of transcription factors to promoters or a chemical inducer 39 , or the 211 concentration of molecular factors in the circuit (Fig. 2f) . 
227
The RFPp steady-states for each interaction channel length (colored marker styles) were computed for 
237
Spatiotemporal parameters impact fidelity of information transmission 238 Microbes in nature are constantly confronted with temporal variations in environmental stimuli.
239
The spatial organization of a community can influence its response to these environmental 240 perturbations 40 . A common strategy in engineering is using periodic input signals to characterize 241 the dynamic properties of a system. We therefore applied a periodic input to the sender-receiver 242 consortium to understand how distance affects information transfer.
243
To predict the behavior of this system, we simulated square wave oscillations in arabinose 244 (ara) concentration with a period of two hours in the model (Fig. 3a) . Our results show that the 245 steady-state amplitude and mean RFPp decreases as a function of increasing spatial separation.
246
To test the model predictions, we performed MISTiC experiments using the sender-receiver 247 consortium and alternated arabinose between 0% and 0.1% with a period of two hours (Movie 248 S1) (Experiment 2, Table 1 ). The periods of GFP and RFP were synchronized with the arabinose 249 input and therefore did not vary with distance ( Fig. S5a) . In response to the oscillatory signal, 250 both GFP and RFP mean intensities increased over time and reached a steady-state oscillatory 251 phase (Fig. 3b,c) . The GFP mean and amplitude did not vary across distance (Fig. 3b, Fig. S5b) .
252
Mirroring the model prediction, the RFP mean, and amplitude decreased as a function of distance 253 ( Fig. 3c, Fig. S5b) . At steady-state, the oscillatory activation and decay response times required 254 were approximately equivalent for both GFP and RFP (30-40 min) ( Fig. S5c,d) . These response 255 times are similar to the exponential phase doubling time of E. coli in LB media, suggesting that 256 cell growth/division dictated the oscillatory timescale.
257
We next explored whether information transfer across distance is corrupted by stochastic 258 processes within the cell in response to a faster periodic input signals 41 . To investigate the 259 temporal limitations of bacterial signal communication, we quantified the response of the sender-260 receiver consortium to a periodic arabinose input with a period of one hour. This period was 261 predicted to push the limits of information transmission in the community based on the 30-40 min 262 response time of the system (Fig. S5c,d) . Simulations of square wave arabinose oscillations with 263 a one-hour period yielded distance-dependent steady-state RFPp responses with lower means 264 and amplitudes compared to an input period of two hours (Fig. 3d) . We characterized the 265 response of the sender-receiver system in MISTiC to arabinose concentrations that alternated 266 between 0% and 0.1% with a one-hour period (Experiment 3, Table 1 ). Sender GFP expression 267 exhibited a steady-state oscillatory response and the GFP mean did not vary across interaction 268 channel lengths ( Fig. 3e) . By contrast, RFP displayed temporal variability around the mean at 269 steady-state as well as a distance-dependent change in the steady-state fluorescence intensity 270 ( Fig. 3f ).
271
Amplitude fold change detection is an important property of sensory systems in diverse 272 organisms 42 . A decreasing trend in the amplitude with increasing distance and higher input 273 frequency was confirmed by simulations of RFPp expression that varied the arabinose period over 274 a wide range. The experimentally observed trend of decreasing amplitude as a function of input 275 frequency mirrored the model predictions ( Fig. 3g) . Together, our results demonstrate that 276 distance can establish a low-pass filter, where a minimum threshold in the RFPp amplitude at a fixed period is detected at 25 µm but not 250 µm. Increasing the ultrasensitivity of RFP 278 transcription (nRFP) augments the differences in RFP amplitude across increasing distance as a 279 function of the input period ( Fig. S6a) , indicating that ultrasensitivity can enhance the switch-like 280 response of the low-pass filter. In contrast to the two hour forced oscillator, the steady-state RFP 281 amplitudes in response to a periodic input with a one hour period did not vary across distance 282 (Fig 3f,g) . This result suggests that a one-hour input period is approaching a critical frequency (Table S3) 
309
Communication between physically separated bacterial populations is impacted by 310 extracellular noise due to diffusion 44 , as well as noise from intracellular processes such as 311 transcriptional 45 or translational bursting 46 . Such sources of noise can have a larger impact on 312 gene expression dynamics in response to environmental fluctuations on faster timescales. We 313 thus investigated how information in the periodic input signal is encoded in the frequency domains 314 of the steady-state gene expression. The power spectrum represents how the variance in gene 315 expression is distributed across frequencies. The power spectra for GFP and RFP displayed 316 prominent peaks at the frequency of the input signal for both experiments (Fig. 3h, Fig. S6b,c) .
317
The RFP power spectrum peak at the input frequency decreased with distance in the two-hour 318 forced oscillation experiment (Fig. 3h, top) , reflecting the pattern in amplitudes across distance.
319
In the one-hour oscillator experiment, the RFP power spectrum decreased with interaction 320 channel length for frequencies larger than the signal bandwidth (Fig. 3h, bottom) .
321
To evaluate the fidelity of information transmission across distance in these experiments,
322
we defined the signal-to-noise ratio (SNR) as the total power of the input signal bandwidth divided 323 by the total power across all frequencies greater than the signal bandwidth (Materials and 324 Methods). The GFP SNR did not vary as a function of distance in either of the forced oscillator 325 experiments ( Fig. 3i, Fig. S6d ). In the two-hour forced oscillator experiment, the RFP SNR is 326 dominated by the power of the input signal and thus the SNR was inversely proportional to 327 distance ( Fig. S6d) . Notably, the RFP SNR increased with distance in the one-hour forced 328 oscillator experiment ( Fig. 3i) , indicating that the fidelity of information transmission was 329 enhanced at longer distances.
330
In the regime of a critical input frequency 43 , the fidelity of inter-strain communication is 331 diminished at short distances due to elevated noise whereas diffusible signals have a limited 332 spatial range over long distances 19 . Therefore, our data suggests that the reliability of information 
363
induces the enzymatic synthesis of 3-OHC14-HSL in an E. coli repressor strain (positive inter-364 strain interaction). The activator displays a positive feedback loop by self-regulating the circuit 365 controlling C4-HSL production (Fig. 4a) . The signal 3-OHC14-HSL produced by the repressor 366 strain induces the expression of a quorum-quenching lactonase aiiA in the activator and repressor 367 strains, which degrades both signals and thus inhibits circuit activity in the repressor (negative 368 feedback loop) and activator (negative inter-strain interaction). An identical promoter driving the synthetases in the activator and repressor strains was used to drive the expression of CFP and 370 YFP, respectively, to quantify circuit activity dynamics.
371
The reporters CFP and YFP displayed oscillations for an interval of time across the 372 majority of conditions in the MISTiC device ( Fig. 4b, Fig. S7 , Movie S2) (Experiment 4, Table 1 ).
373
Paired growth chambers exhibited synchronized oscillations whereas unpaired growth chambers 374 were not synchronized, indicating that diffusion of molecules through the interaction channels 375 enhanced the coupling between the distributed oscillators. The CFP amplitude increased as a 376 function of distance whereas the YFP amplitude displayed the reverse trend ( Fig. 4c) , signifying 377 a reduced strength of the inter-strain interactions as a function of distance. The number of 378 activator peaks detected in each growth chamber moderately increased, whereas the number of 379 repressor peaks substantially decreased with separation distance (Fig. 4d) . Therefore, the 380 stability of oscillations in the repressor was highly sensitive to variations in the interaction range,
381
whereas the oscillations in the activator displayed robustness to variations in this parameter. In 382 specific 100 µm and 250 µm conditions, oscillations in the activator were maintained for a period 383 of time after the repressor had stopped oscillating ( Fig. S7c,d) . The mean activator expression 384 increased as a function of time for several replicates in 100 µm and 250 µm conditions, indicating 385 that the activator would eventually approach a constitutive ON state as distance increased. Thus, 386 our data suggests that the activator amplitudes vary non-monotonically with distance. The 387 amplitudes are diminished by enhanced repression at short distances, increased at intermediate 388 distances (Fig. S7a,b) , and vanish at long distances as the activator expression approaches a 389 constitutive ON state. Conversely, the repressor amplitudes decrease with distance and display 390 an abrupt loss of oscillatory behavior at a critical distance threshold between 100-250 µm.
391
We next investigated the cross-correlation between the fluorescent reporters in the sender 392 and receiver strain to quantify the effect of distance on the coupling of inter-strain gene expression 398 increased by more than 3-fold for the repressor strain and was less variable across distance in 399 the activator (Fig. 4f, Fig. S8b,c) . In sum, the effects of distance on the oscillatory dynamics of 400 the activator and repressor strains were notably different, indicating that the system's feedback 401 loops could be wired to enhance the robustness of oscillations across a range of distances.
402
Previous studies have shown that negative enhances system stability, whereas positive feedback 403 is associated with signal amplification, multi-stability and runaway behavior 49-51 . By contrast, 404 positive and negative feedback exhibited the opposing roles for the distributed oscillator 405 community by enhancing and reducing the temporal robustness and stability of the oscillations to 406 spatial perturbations, respectively.
408
Deciphering the spatial and temporal modes of metabolic interactions 409 In microbial communities, growth and metabolic activities are driven by metabolite dynamics 410 including competition over limiting resources, metabolite secretion and cross-feeding 5,7,8,26,28 .
411
Indeed, metabolite exchange is a major force shaping microbial communites 52 . To investigate how 412 spatial separation influences metabolic interactions in microbial communities, we studied a 413 synthetic E. coli consortium composed of a phenylalanine (DpheA) and methionine (DmetA) 414 auxotroph. These auxotrophs were selected because bioinformatics analyses predict that 415 phenylalanine (F) or methionine (M) auxotrophy are prevalent in microbial communities 53 . Further,
416
M and F are two of the most energetically costly amino acids to synthesize in E. coli, potentially 417 providing a potential selective advantage for cross-feeding in specific environmental contexts 53 .
418
To characterize the population dynamics of the community in batch culture and evaluate longer-419 term stability, the strains were combined at three initial ratios (50% DmetA, 50% DpheA, 90% 420
DmetA, 10% DpheA, and the reciprocal), in minimal media lacking M and F and then serially 421 transferred three times to fresh media over a period of 5.5 days (Materials and Methods).
422
Irrespective of the initial strain proportion, the co-culture converged to a DpheA dominated steady-423 state (Fig. S9a) . For a sustained 24 hr passaging period, the community exhibited a decreasing 424 trend in OD600 and eventually collapsed after the third passage ( Fig. S9b, top) . However, 425 community growth was rescued by switching the final passage to a 48 hr incubation time,
426
suggesting that a minimum cell density was required to maintain community growth and stability 427 ( Fig. S9b, bottom) . These data show that the frequency of environmental shifts is a major 428 determinant of community stability in batch culture and both strains can maintain growth and 429 stable coexistence over multiple passages with DpheA dominating the community. 430
We next studied the growth responses of the strains within the spatially and temporally 431 controlled environment of MISTiC. The population-level growth rate can be inferred by the rate of 432 dilution of an inducible and highly-expressed stable fluorescent reporter due to cell growth 41,54 .
433
We used this method to determine the maximum growth rates of the E. coli auxotroph community strength. In media supplemented with all amino acids, our results showed that DmetA and DpheA 438 exhibited similar average doubling times of 80 and 86 min (Experiment 5, Table 1) , respectively, 439 across all interaction channel lengths ( Fig. 5b,c, S10a,b,c,d) , indicating a neutral interaction 440 network ( Fig. 5h ).
441
We sought to determine the interaction network within a spatially separated, continuous 442 flow environment in the absence of M and F (Experiment 6, Table 1) ( Fig. S11a,b) . The DmetA 443 strain exhibited a very slow doubling time (1128 min) that did not vary across distance ( Fig. 5b,   444 Fig. S11a,c). In contrast, the doubling time for DpheA substantially increased with the separation 445 distance, wherein a ten-fold increase in separation distance increased the strain's doubling time
446
by 54% ( Fig. 5c, S11b,d) . Therefore, the DpheA growth rate was highly sensitive to distance from 447
the DmetA strain and not the reciprocal, highlighting a substantial difference in the strength of the 448 interactions ( Fig. 5h, center) . Our data showed a 43 min time delay in the maximum growth rate
449
of DpheA from the 25 µm to the 250 µm condition (Fig. 5c , inset), demonstrating that the transition 450 from lag phase to growth was also distance-dependent.
451
We next investigated the growth of DpheA and DmetA in mixed conditions for comparison 452 to the spatially separated context. A mixed culture containing equal proportions of DmetA and 453
DpheA was introduced into the growth chambers in minimal media lacking M and F (Experiment 454 7, Table 1 ). Single-cell segmentation and tracking were performed to distinguish the strains within 455 mixed communities and quantify the growth rates of single-cells (Materials and Methods) ( Fig. 456 S12a). The length of the interaction channels linking paired chambers did not contribute to the
457
DmetA and DpheA growth rate variation (Fig. S12b,c) . The average DmetA and DpheA growth 458 rates within a chamber decreased over time but remained non-zero for the majority of the 459 experiment ( Fig. 5d) media lacking M and F. The co-culture growth rates were significantly higher than their respective 463 monoculture conditions, demonstrating a mutual growth benefit in MISTiC. In addition, the 464 percentage of growing cells across all growth chambers in the mixed condition was larger than 465 40% for both strains for the majority of the experiment (Fig. 5d , inset).
466
We computed the Spearman correlation between the growth rate of each strain and the 467 fraction of the growth chamber occupied by the partner strain to quantify how the presence of the 468 partner strain impacted growth rate (Fig. 5e, inset) . Both strains exhibited statistically significant and non-zero Spearman correlations for the majority of the experiment, corroborating the 470 presence of a mutualism. The DpheA strain exhibited a higher maximum Spearman correlation 471 than the DmetA strain, corroborating a stronger dependence of DpheA on the abundance of 472
DmetA than the reciprocal. Even though DpheA exhibited a higher growth rate than DmetA, the 473 average ratio of the two strains reached a stable value ( Fig. S12d) . Since the percentage of 474 dividing cells ( Fig. S12e ) was significantly lower than the percentage of growing cells (Fig. 5d,   475 inset) for both strains, cell elongation was the dominant mode of growth in these conditions.
476
Additionally, growth rates did not vary as a function of the position of single cells within the growth 477 chambers (Fig. S12f) . These findings illustrate the ability of MISTiC to resolve sub-population 478 heterogeneities in growth based on single-cell data.
479
For the spatially separated community, we next examined whether the interaction network 480 could be toggled by rescuing DmetA in minimal media supplemented with all amino acids except 481 F (Experiment 10, Table 1 ). The doubling time of DmetA was similar to its doubling time in the 482 +M, +F control experiment (Experiment 5, Table 1 ) and did not vary across distance (Fig. 5f,   483 S13a,d). The rate of change of RFP fluorescence was biphasic, indicating that DpheA had two 484 growth modes in this condition (Materials and Methods, Fig. S12b,c) . The DpheA doubling times 485 in the first growth phase did not change across distance, yielding a neutral interaction ( Fig. 5h,   486 Fig. S13e). The second DpheA growth phase displayed a moderately competitive growth trend 487 across a ten-fold change in distance ( Fig. 5f,h, Fig. S13f ). The distance-dependent benefit from 488
DmetA to DpheA was not detected in the presence of M, suggesting that the positive interaction 489
is abolished by rapid growth of DmetA. 490
To probe the inverse relationship between the growth rate of DmetA and the magnitude of 491 the benefit to DpheA, we measured the M and F concentrations in the producer strain's 492 benefit to DpheA occurred when DmetA was slowly growing and metabolically active ( Fig. 5g) . 496 Interestingly, the reverse trend was observed for DpheA, wherein M was detected only in the 497 condition with the highest concentration of supplemented F. In all conditions, DpheA exhibited a 498 higher growth rate, which could be explained by the high release rate of F by DmetA at low growth 499 rates.
500
Our results demonstrated that DmetA and DpheA auxotroph strains have differential and 501 context-dependent release rates of M and F. To integrate our findings into a quantitative 502 framework, we developed a dynamic computational model to represent M and F biosynthesis, 503 uptake, diffusion, and amino acid dependent growth rates of DmetA and DpheA (Supplementary 504 Information). Mirroring the structure of the quorum-sensing model, M and F diffuse from the 505 producer strain's growth chamber across the interaction channel and into the recipient strain's 506 growth chamber. Consistent with our data, we assume that (1) growth is limited by the 507 concentration of the amino acid that the auxotroph is deficient in producing, (2) release of F by 508
DmetA is inversely proportional to its growth rate, (3) release of M by DpheA is proportional to its 509 growth rate, and (4) the basal growth rate DpheA is larger than DmetA attributed to differences in 510 the metabolic consequences of each mutation (Fig. 5d) . The model was fit to the population-level 511 growth rates in the physically separated experiments using a genetic algorithm (Materials and 512 Methods) and was able to recapitulate the trends across a range of conditions ( Fig. 5b,c,f) , 513 demonstrating that the model's core assumptions were congruous with the data.
514
Finally, we tested how different concentrations of all amino acids impacted the interaction 515 strengths within MISTiC (Experiments 11-13, Table 1 ). The DpheA strain displayed a decreasing 516 trend in the distance-dependent interaction strength, defined as the ratio of its doubling times in 517 the 25 µm to 250 µm condition, as a function of amino acid availability ( Fig. S14b,d,f,h) . An interaction strength trend across amino acid concentrations was not evident for DmetA ( Fig.  519 S14,a,c,e,g). Low amino acid concentrations eliminated distance-dependent growth rate including biphasic growth (Fig. S13b,c) and delays in the timing of maximum growth (Fig. 5c,   562 inset).
564 565

DISCUSSION
567
We developed a microfluidic platform, MISTiC, to interrogate the effects of spatiotemporal 568 parameters in microbial consortia. In our study, the distance between strains impacts the 
590
In natural environments, microbial communities are confronted with uncertain and 591 changeable environmental conditions. We show that distance between community members 592 establishes a low-pass filter that allows cells to selectively respond to signals that fluctuate on 593 longer timescales. In addition, our data demonstrates that distance can improve the reliability of 594 information transmission in response to specific input frequency ranges. Consistent with this 595 result, theoretical work has shown that spatial averaging by diffusion can improve the precision 
604
Changing the degree of spatial separation between the activator and repressor strains in 605 the dual-feedback oscillatory consortium yielded different outcomes on the oscillatory behaviors 606 of each strain. For instance, the stable oscillatory behavior of the repressor was abruptly lost in 607 the 250 µm condition, whereas oscillatory behavior persisted in the activator strain over a period 608 of time. The notable difference in the robustness of the circuits to spatial perturbations highlights 609 the critical role of circuit topology and feedback loops in determining system dynamics in spatially 610 organized communities. Thus, molecular circuits can be wired together in different ways to amplify 611 or reduce dynamic signals as a function of distance 19 . The activator and repressor display self-612 activation and self-repression, respectively, suggesting that positive feedback enhances the 613 robustness of information transmission to changes in spatial separation, whereas negative 614 feedback has the reverse effect of enhancing the fragility of the system. The lag required to 615 maximize the cross-correlation between the activator and repressor oscillatory responses 616 increased with interaction channel length (Fig. S8a) , whereas the sender-receiver consortium in 617 response to the step-response of arabinose did not exhibit a time delay across distance ( Fig.   618 S3a). In this case, dual-feedbacks and bidirectionality of the interaction could lead to back-and-619 forth propagation of quorum-sensing signals, thus augmenting the time-delay between the 620 oscillations.
621
The disparity in DpheA and DmetA growth rates in the absence of F and M could be 622 explained by their differential amino acid release profiles as a function of the producer strain's 623 growth rate (Fig. 5g) . In E. coli, F is either used for either protein synthesis or transported between 624 the periplasm and cytosol 59 . However, M can be transformed into S-adenosyl-L-methionine, which acts as a central hub methyl donor intersecting many pathways 59 . This suggests that M is a critical 626 resource for the cell and may be transformed into other molecules at a faster rate than F, resulting 627 in differential amino acid release profiles. Auxotrophic cross-feeding has been proposed as a 628 strategy to enhance coexistence and stability among members of a consortium 53,60,61 . Our results 629 suggest that strain co-existence and community stability are highly dependent on a critical 630 population size, amino acid availability, temporal perturbations and spatial context 1,2,5 . Therefore, 631 stable coexistence may be difficult to achieve in real-world environments which are spatially 632 heterogenous and temporally changeable. 
662
Microfluidic device fabrication 663 A three-layer device was designed in AutoCad that consisted of interaction channels, growth 664 chambers, and main channels. The microfluidic master was pattered in three stages of 665 photolithography using a micropattern generator (Heidelberg Instruments μPG 101). For the first 666 layer, the silicon wafer was baked for 10 min at 200°C and spin coated at 4000 rpm using SU-8 667 2000.5 (MicroChem) to generate 0.5 µm height. This layer was exposed to the interaction 668 channels at 58 mW with a 47% dwell time using a 4 mm writehead, followed by a post-exposure 669 bake for 30 min at 95 °C. The second layer was spin coated at 3000 rpm using 26:1 mixture of 670 SU-8 2000.5 to SU-8 3005 to produce 1.5 µm height. After aligning to the first layer, the wafer 671 was exposed to the second patterning layer (growth chambers). Following an additional post-672 exposure bake, a third layer of SU-8 3025 photoresist was spin coated at 3000 rpm to generate 673 25 µm height. The wafer was exposed to the final layer consisting of the main channels, resistors, 674 and inlets. Following a final post-exposure bake, the features were developed using SU-8 developer (MicroChem). The master was treated overnight with vapor phase (tridecafluoro-676 1,1,2,2-tetrahydrooctyl) trichlorosilane (Gelest) at room temperature. To fabricate each device, 677 7:1 mixture of polydimethylsiloxane (PDMS, Sylgard 184) to curing agent (Sylgard 184) was used 678 to coat the master. After curing overnight at 100°C, the inlet and outlet holes were punched using 679 a biopsy corer (WellTech). The surfaces were exposed to air plasma (Harrick Plasma PCD-32G) 680 for 23 sec to ionize the surface of the device to bond to the glass coverslips (ThermoFisher).
681
Finally, the surfaces were bonded and baked for 1 hr at 100 °C to seal the device channels. For 682 each experiment, the microfluidic device was flushed with 0.5% Tween 20 (Sigma-Aldrich) to 683 prevent cells from adhering to the device. To load the cells into the device, a vacuum pressure of 684 330 mmHg was applied load cells into the growth chambers. 
696
Sender-receiver quorum-sensing experiments 697 Sender and receiver plasmids (Fig. S2) were constructed using standard Gibson assembly 
714
The main channels were flushed at a rate of 300 µL hr -1 to wash away excess cells from the 715 growth chamber. The flow rate of the inlet containing arabinose (I22, Fig. 1 ) and the corresponding 716 inlet on the opposite side (I11) were set to 10 µL hr -1 to prevent cell growth and clogging within the filled with cells, the media was switched to test conditions described in Fig. 1 ) and the corresponding inlet on the opposite side (I11, 724 Fig. 1) were switched to 200 µL hr -1 and the flow rate through the remaining inlets (I12, I21) were set to 0 µL hr -1 . The forced oscillation experiments (Experiment 2-3, Table 1 ) used 10 mL syringes 726 to extend the length of the experiment. Flow rates of the 0.1% arabinose (inlet I22) and 0% 727 arabinose (inlet I21) were alternated out of phase between 200 µL hr -1 and 0 µL hr -1 for a period of 728 time. One of the receiver inlets (I11) flowed continuously at a rate of 200 µL hr -1 and the other inlet 729 (I12) was set to 0 µL hr -1 for the duration of the experiment.
731
Dual-feedback oscillator experiments
732
The E. coli strain CY027 was transformed separately with plasmids pC220 and pC239 or pC236 733 and pC239 to construct the activator and repressor 47 , respectively using a standard chemical 734 transformation protocol ( Table 2) . Overnight cultures were inoculated into LB media (Lennox) 735 containing 50 µg/mL kanamycin and 100 µg/mL spectinomycin and incubated overnight at 37°C 736 with shaking. After approximately 16 hr, 1 µL of the overnight cultures were diluted into 3 mL LB 737 media and incubated at 37°C with shaking to early stationary phase (OD600 0.7-1.1).
738
Cells were loaded into the device following the procedure specified above. Following cell 739 loading, the microfluidic chip was placed in the custom designed temperature incubation chamber 740 at 37°C. All four inlets were connected to syringes (10 mL) containing LB media with kanamycin 741 (50 µg/mL), spectinomycin (100 µg/mL) and 0.1% Tween 20. Syringes connected to inlets I22 and 742 I11 also contained 1 mM isopropyl ß-D-1-thiogalactopyranoside (IPTG) (Sigma).
743
The cells were initially grown in the device at 37°C with inlets I12 and I21 flowing at 200 µL 744 hr -1 , and inlets I22 and I11 flowing at 10 µL hr -1 to prevent cell growth and clogging. Phase contrast 745 and fluorescence images were collected every 7 minutes at 21 different positions. Once the 746 growth chambers were filled with cells (Table 1) , the inlets (I12 and I21) containing the pre-culture 747 media were set to 0 µL hr -1 the inlets (I11 and I22) containing the test media were set to 200 µL hr -748 1 .
750
Amino acid auxotroph experiments 751 E. coli strains DmetA 68 and DpheA 68 ( Table 2) 
758
The cells were loaded into the device following the procedure outlined above. Following 759 cell loading, the microfluidic chip was placed in the custom designed temperature incubation 
777
The cells were grown for a period of time at 37°C with 1 mM IPTG prior to the media switch 778 as described in Table 1 to fill the growth chambers. Phase contrast and fluorescence images 779 were collected every 10 minutes at 21 different positions. After the growth chambers were filled 780 with cells, the inlets (I12 and I21) containing the pre-culture media were set to 0 µL hr -1 and the 781 inlets (I11 and I22) containing the test media were set to 200 µL hr -1 .
783
Amino-acid measurements 784
The ΔmetA and ΔpheA strains were inoculated into LB (Lennox) containing chloramphenicol (25 785 μg/mL) and grown overnight at 37°C with shaking. After 16 hours, 10 μL of the cultures were 786 transferred into 3 mL of fresh LB containing chloramphenicol (25 μg/mL) and incubated at 37°C 787 with shaking until early stationary phase (OD600 0.7-1.1). Immediately following, the cultures 788 were centrifuged at 3500 x g for 5 min, supernatant was removed and the cells were inoculated 
833
Population-level image analysis 834 For Experiments 1,2,5,6,10-13 (Table 1) 
837
The trained model was used to analyze the remaining microscopy images. The results of the 838 trained networks (2-5 depending on segmentation accuracy) were averaged to improve 839 segmentation accuracy.
840
For Experiments 3 and 4 ( Table 1) , growth chambers were segmented using custom code 841 in Python that aligned each growth chamber across all time points. A binary mask denoting the 842 growth chambers was applied to all time points. There was a negligible difference in the 
853
(Experiments 1-6,10-13, Table 1), the connected chamber was excluded from the data set if a 854 growth chamber was identified as an outlier based on these criteria (Table 1) .
856
Population-level fluorescence time-series analysis 857 Fluorescent time series measurements for each growth chamber in Experiments 5-6,10-13 (Table   858 1) were analyzed by bootstrapping, with p-values computed using bootstrap hypothesis testing.
859
Using this method, the biological replicate curves for a given interaction channel length were 860 randomly sampled 1000 times with replacement. In Experiment 1 (Table 1) , background 861 fluorescence was subtracted from the data by subtracting the minimum RFP fluorescence 862 intensity across all growth chambers for model fitting (Fig. 1c,d) .
863
In the forced oscillation experiments (Experiments 2-3, Table 1), a peak finding algorithm 864 (Python) was applied to the time-series gene expression data at steady state with minimum inter-865 peak threshold of 21 min. The amplitude was computed by subtracting the minimum and 866 maximum of each oscillation and dividing this value by two. To calculate the signal-to-noise ratio 867 (SNR), a moving mean computed over 20 time points was subtracted from the data. The power 868 spectra for each replicate was calculated using Welch's method (Python) with a Hamming window 869 applied across the length of the time-series. The power spectra were filtered to exclude 870 frequencies lower than the signal bandwidth. The signal was defined as the total power of the 871 signal bandwidth. The noise was computed as the total power of frequencies larger than the signal 872 bandwidth. The power spectra for all the replicates for a given interaction channel length were 873 randomly sampled with replacement 10,000 times. At each iteration, the signal-to-noise ratio was 874 computed by dividing the signal by the noise. Bootstrap hypothesis testing was used to compute replicates. The mean-subtracted data was computed using a moving mean of 20 time points. A 880 peak finding algorithm (Python) was applied to detect peaks with a minimum inter-peak distance 881 of 70 min and a minimum peak height of 0.015 by analyzing the data after the media switch. The 882 number of peaks detected, the amplitude of expression at each peak, and the distance between 883 subsequent peaks were all computed for each replicate.
884
In the auxotroph experiments (Experiments 5, 6, 10-13, Table 1), the fluorescence 885 background for each reporter was subtracted from the data and then the time-series was 
893
In Experiment 10 (Table 1) , the DF Dt -1 curves displayed a biphasic trend characterized by 894 a global and local maximum. To characterize the growth rate at each peak, the DF Dt where E represents the median growth rate and I denotes the median absolute deviation 74 .
940
Statistical outliers were detected using a threshold of ; > 3.5. Growth chambers with more than 941 one time point registering as an outlier were excluded from the analysis ( Table 1) . Experimental 942 outliers occurred primarily due to segmentation and tracking errors caused by loss of focus or 943 empty chambers at specific positions. Outliers were considered separately for each strain.
945
Model fitting 946 Custom code (MATLAB) was used for computational modeling. An ordinary differential equation 
968
The species yN represents the time-delayed species y1 and the delay time is computed by • DO .
969
The model was simulated using ode23s (MATLAB). A model with a variable number of 970 delay equations was fit to the data using a genetic algorithm. The algorithm identified a best 971 estimate for the parameter values and an optimal model structure by adjusting the number of 972 delay equations to minimize the L 2 -norm between the model and the data. First, 100 parameter 973 sets were randomly sampled using an upper and lower bound for each parameter. For each 974 parameter set, the model was simulated and the L 2 -norm between the model and the data was computed. The parameters were ranked from lowest to highest L 2 -norm. The first parameter set 976 (lowest L 2 -norm) was averaged with parameter sets 2-10, generating 9 new parameter sets.
977
These parameter sets were combined with 81 randomly sampled parameter sets using an upper 978 and lower bound for each parameter. This procedure was repeated until the L 2 -norm did not 979 change significantly with additional iterations. The best estimates for the parameters are listed in 980 Table S3 .
981
The parameters of the amino-acid cross-feeding model were fit using a genetic algorithm.
982
The genetic algorithm can be most efficient with high-order systems and many unknowns. One of 983 the challenges with the genetic algorithm is there is no proof of convergence and the rate of 984 convergence can be slow if the initial guesses on the parameters are far from the minimizing set 985 and the bounds on the parameters are too broad. In order to overcome these challenges, careful 
989
bounds on the parameters were adjusted accordingly. After this, the genetic algorithm was 990 executed until the error became invariant for a sequence of 10 generations. Since the genetic 991 algorithm is not optimal, it is possible to arrive at slightly different values if we were to run the 992 genetic algorithm longer or reinitiate at new random initial conditions. However, the qualitative fits 993 remain fairly close, as do the parameter values. Nevertheless, given experimental error, it is not 994 in our benefit to achieve an optimal fit, since such a fit does not imply better prediction of 995 quantitative values of parameters. 
